In this study, the potential of visible and near infrared spectroscopy was investigated to classify the maturity stage and to predict the quality attributes of pomegranate variety "Ashraf" such as total soluble solids content, pH, and titratable acidity during four distinct maturity stages between 88 and 143 days after full bloom. Principal component analysis was used to distinguish among different maturities. The prediction models of internal quality attributes of the pomegranate were developed by partial least squares regression. The transmission spectra of pomegranate were obtained in the wavelength range from 400 to 1100 nm. In this research several preprocessing methods were utilized including centering, smoothing (Savitzky-Golay algorithm, median filter), normalization (multiplicative scatter correction and standard normal variate) and differentiation (first derivative and second derivative). It concluded that different preprocessing techniques had effects on the classification performance of the model using the principal component analysis method. In general, standard normal variate and multiplicative scatter correction gave better results than the other pretreatments. The correlation coefficients (r), root mean square error of calibration and ratio performance deviation for the calibration models were calculated: r = 0.93, root mean square error of calibration = 0.22°Brix and ratio performance deviation = 6.4°Brix for total soluble solids; r = 0.84, root mean square error of calibration = 0.064 and ratio performance deviation = 4.95 for pH; r = 0.94, root mean square error of calibration = 0.25 and ratio performance deviation = 5.35 for titratable acidity.
Introduction
The pomegranate (Punica granatum L.) fruit is one of the most important fruits of the world, found mostly in tropical and subtropical regions such as Iran, Afghanistan, India, Mediterranean countries (Morocco, Spain, Turkey, Tunisia, and Egypt), and Middle Eastern countries. [1] Due to its multifunctionality and nutritional value in the human diet, it has a very high demand in the world and fetches a good price in the world market. [2] Pomegranate seeds are consumed directly and sometimes juiced for fresh juice consumption. The fruit can also be used in flavoring and coloring agents. Considerable amounts of acids, sugar, vitamins, polysaccharides, polyphenoles and important minerals are found in edible part of this fruit. Pomegranate fruits are most widely grown in Iran. Pomegranates are produced 650,000 tonnes a year and around one-quarter of the productions exported to other countries every year. [3] As the export of fruits is more dependent on quality, the government has devised stringent quality control regulations for the export of the fruit because any compromise in quality may lead to the rejection of the lot and eventually, considerable market loss.
Pomegranate is a non-climacteric fruit and thus, a minimum maturity state is required at harvest. [4] Many researchers determined maturity state and quality of pomegranate fruit on the basis of physiological parameters such as total soluble solids (TSS), pH, dry weight (DW) content, and acidity that involve laborious laboratory techniques which are destructive in nature, time consuming and inapplicable to grading and sorting. [5] [6] [7] [8] [9] Therefore, to ensure the minimum acceptability of the quality to consumers, much research has being conducted worldwide to develop nondestructive methods to determine the overall quality of pomegranate fruit. Machine vision (NMR), dielectric spectroscopy, and X-ray computed tomography are some of the most recent non-destructive techniques used for quality evaluation of pomegranate fruit. [9] [10] [11] [12] Near infrared (NIR) spectroscopy is one of the techniques that have received considerable attention from researchers. NIR spectroscopy has been used to evaluate the internal quality parameters non-destructively for different agricultural produce such as apples, [13] [14] [15] apricots, [16] avocados, [17] bananas, [18] cherries, [19] citrus fruits, [20] dill, [21] grapes, [22] kiwifruits, [23, 24] mandarin, [25, 26] mangoes, [27] melons, [28, 29] oranges, [30] peaches, [31] peppers, [32] plums, [33] rice, [34] and tomatoes. [35, 36] As found in literature, despite an extensive research on NIR spectroscopy of fruit, any published results on the NIR spectroscopy of the pomegranate fruit and its arils are not available.
The NIR spectroscopy is believed to perform as a useful new technique for pomegranates' internal quality evaluation and assessment of postharvest storability of the same fruit. These operations are of interest to growers, breeders and postharvest technologists particularly when implemented nondestructively. The objectives of the study were (1) to investigate the potential of visible and near infrared (Vis/NIR) spectroscopy for the prediction of quality parameters (pH, titratable acidity [TA] , and TSS) of pomegranate fruit in a non-destructive manner, and (2) to study the changes in terms of chemical properties of the pomegranate fruit during four distinct maturity stages between 88 and 143 days after full bloom (DAFB), trying to evaluate the maturity index of the fruit by a nondestructive technique. Knowledge of the maturity indices for harvest would be useful in efforts to postharvest management.
Materials and Methods

Fruit Samples
In the present study, a total of 400 pomegranate fruits (Ashraf variety) of the same size and without physical defects from five trees at 88, 109, 124, and 143 DAFB, grown in 2014 in a commercial orchard in Shahidabad Village, Behshahr County, Mazandaran Province, Iran, was randomly collected (A sample of 100 fruits at each stage of DAFB). The fruits were harvested from 5-yearold trees at 5 × 7 m spacing. As the Ashraf variety is an organic variety of pomegranate fruit, any irrigation system and adding of fertilizer were not utilized. Sampling started on August 31, 2014, when it was possible to squeeze juice from the arils, and ended in October 2014 at the fruits' commercially full ripe stage. The fruits were classified into groups of four different maturity levels, based on the subjective evaluation of the skin texture of the fruit ( Fig. 1): (1) Immature stage: hard texture (S1), (2) Fairly half-ripe stage: fairly firm texture (S2), (3) Half-ripe stage: firm texture (S3), and (4) Full ripe stage: soft texture (S4).
Determination of Chemical Quality Parameters
After that NIR spectroscopy of intact fruit was conducted, the fruits of each maturity stage were juiced with a commercial juice extractor. The juice was filtered and centrifuged afterward. The juice was then used to determine the TSS content, titratable acidity (TA), and pH. The TSS and pH of juice were measured three times using a hand-held refractometer (TYM Model, China) and digital pH meter (3020 Model, GenWay Company), respectively, and the average values were noted. The juice's soluble solid content was expressed in values of°Brix. TA was determined as an average among replicates after titration using a Metrohm862 compact titrosampler (Herisau, Switzerland), and the results were presented as the percentage of citric acid. Many researchers have been used these methods. [23, 24, 26, 37] 
NIR Spectra Acquisition
From each fruit, four spectra (400-1100 nm at intervals of 1 nm) in transmittance mode were collected at four equidistant positions along the equator using a dual-channel spectrometer AvaSpec-2048TEC equipped with an AvaSoft7 software for Windows, a cooled, 1 nanometer resolution and sensitivity of 2000 count per 1 mJ entrance irradiation (Fig. 2) . The average of these four measurements was used to represent the spectral profile for each sample. The used light source was consisted of a tungsten halogen lamp (100 W, 12 V) which provides spectral wavelength in the visible and infrared region. The light was arranged at a distance of about 50 mm from the fruit surface and at an angle of 90 degrees to fiber optic that guide transmittance light to a detector (Fig. 2) . A white Teflon material was used as the reference material before every measurement. Dark current was measured automatically prior to each measurement. The integration time was set 50 ms.
Spectral Data Preprocessing
Vis/NIR instruments generate a large amount of spectral data producing valuable analytical information. [35] However, to obtain reliable, accurate, and stable calibration models the raw data acquired from spectrometer need to be preprocessed first to reduce the effect of irrelevant information such as background and noise spectra. [38] Recently, several preprocessing methods have been developed for these purposes. [39] First, four spectra of every sample were averaged into one spectrum. The averaged value is then converted to absorbance value using Abs = log (1/T) equation where T is the amount of transmittance, to obtain linear correlation between spectra and sample molecular concentration. However, as many researchers reported,- [39] [40] [41] this transformation dose not essentially improve the multivariate linearity. Therefore, in this research several preprocessing methods were utilized including centering, smoothing by (Savitzky-Golay algorithm, median filtering), normalization (multiplicative scatter correction [MSC] and standard normal variate [SNV] ) and differentiation (first derivative and second derivative). Centering, which is also referred as mean centering, ensures that all results will be outstanding in terms of variation around the mean. [41] Smoothing is designed to optimize the signal to noise ratio. [40] MSC attempts to remove the effects of scattering by linearizing each spectrum to some "ideal" spectrum of the sample, which, in practice, corresponds to the average spectrum. [41] Also, first and second derivative preprocessing methods were used to remove background spectra and enhance spectral resolution. [38] In this article, all preprocessing methods were carried out by ParLeS software version 3.1. [42] 
Calibration and Validation
The 100 pomegranate fruits of studied variety at each stage of DAFB were randomly divided in two categories: the first category including 70 samples was used to develop calibration models and the other was used for predicting quality and validation purposes. The calibration equations were obtained using partial least squares (PLS) regression method. PLS is a multivariate method, which is widely employed in Vis/NIR spectroscopy analysis. [41] Since there is a large amount of spectral information generated by NIR spectroscopy, the reduction of original data dimensions is required to provide a few uncorrelated variables containing only relevant information from the samples. So, before modeling by PLS regression the method of principle component analysis (PCA), a best known and most widely used data reduction method, was employed. PLS analysis can be carried out to create the regression model leading to the content prediction of chemical components. As a result, the PLS method was used to consider simultaneously the variable matrix Y (the values of SSC, pH, or TA) and the variable matrix X (the spectral data) for developing calibration models. The internal validation (in groups of 30 samples) was used to validate the models. [40] Also, PCA models based on the maturity stages of pomegranate fruit were developed. The accuracy of the calibration and validation were assessed by correlation coefficient (r), root mean square error of calibration (RMSEC), root mean square error of prediction (RMSEP), and ratio performance deviation (RPD) as follows: [43] r
where ŷ i is the predicted value of the ith observation, y i is the measured value of the ith observation, y m is the mean value of the calibration or prediction set, n, n c , and n p are the number of observations in the data set, calibration and prediction set, respectively. Generally, a good model should have higher correlation coefficients; lower both RMSEC and RMSEP values, but also a small difference between RMSEC and RMSEP or a RPD value should be more than five. [44] Results and Discussion
Fruit Quality Parameters
The changes of studied chemical properties of pomegranate fruit during different stages of fruit maturation for both calibration and prediction (validation) data sets are presented in Table 1 . As shown in this table, the values of TSS content and pH increased during DAFB while the values of TA decreased within the same period. The highest pH value and SSC of pomegranate juice were 3.51 and 18.85°Brix, respectively. Also the lowest TA value was 0.72%. The trends of how three parameters change during maturation are in line with the fruit physiological development.
Influence of the Maturation on the Transmittance Spectra
The average raw transmittance spectra of Ashraf pomegranate fruit at four different stages of maturity during DAFB are shown in Fig. 3 . As shown, the average spectra of all four maturity stages differed mainly in the 400-1100 nm region, and that the transmittance patterns were different for all four maturity stages. As illustrated in this figure, the collected transmittance spectra had similar shapes, although the intensity was obviously different. There was obvious peak of the curve around 720 nm; one valley of the curve was located around 680 nm. Table 2 shows the summary statistics of performance of PCA models on the studied pomegranate fruit maturity using different spectral data preprocessing. Each calibration model was used to classify of maturation data set in order to verify the improved ability of models based on different preprocessing techniques. The model developed from MSC spectra for S 4 (143 DAFB) may well classify its group with an accuracy of 93.33%, S 3 (124 DAFB) 85%, S 2 (109 DAFB) 83.67%, and S 1 (88 DAFB) 86.87% correctly. Also, the highest percent classification accuracy (93.25%) was dedicated to the PCA calibration model of S 4 developed by SNV preprocessing spectra. This model could classify 93.33 and 91.91% of S 4 and S 1 correctly and respectively. The best models obtained for S 2 and S 3 were developed using MSC preprocessing spectra. The accuracy of correct classifications was 82.14 and 87.15%, respectively. It can be concluded that different preprocessing techniques had significant effects on the classification performance of the model using PCA method. In general, SNV and MSC were better than the other preprocessing techniques.
Effects of Different Preprocessing
As it was stated previously, various calibration models were developed by using different preprocessing techniques on the spectral data. In order to investigate the enhanced ability of models based on studied preprocessing techniques, each calibration model was used to predict TSS, pH, and TA of prediction dataset. As it was reported by many researchers a proper model should have a higher correlation coefficients; lower both RMSEC and RMSEP values and also a RPD value more than five. [24, 39, 41, 45] The results of the most accurate models of calibration and prediction with several preprocessing methods and their combinations for TSS and pH are presented in Tables 3 and 4 .
As it can be seen from these tables, the minimum correlation coefficient was observed when any preprocessing techniques were not applied for prediction of either TSS or pH. A decrease in RMSEC and RMSEP values and an increase in correlation coefficient and RPD value was observed when preprocessing techniques was applied. Also it was found that combinations of different preprocessing techniques gave better results to select a proper model. So, in each studied smoothing techniques namely median filter, Savitzky-Golay and wavelet, the PLS model with two different normalizing techniques (MSC and SNV) was evaluated and found that SNV gave slightly better results than MSC method. This is in agreement with the results reported by Moghimi et al. [24] for SSC and pH prediction of kiwifruit with PLS model preprocessed using MSC and SNV. Withal between three studied smoothing techniques namely median filter, Savitzky-Golay and wavelet, the median filter introduced better models. Not only the normalizing method sand smoothing techniques but also the different transformation techniques (first derivative and second derivative) influenced the results for either TSS, pH, or firmness. The obtained result using first derivative was better for TSS, firmness but second derivative was better for pH. Cen and He [38] have reported that the peaks and troughs were not very noticeable in the original spectra but became more obvious using first derivative. Figure 4 shows the scatter plots of the predicted results and measured TSS, pH, and TA values produced by the PLS model. In this figure, the ordinate and abscissa depict the distribution of the predicted and measured values of the appropriate parameters, respectively. The solid line is the regression line corresponding to the ideal correlation between the measured values and predicted values. The predicting models had excellent performance, confirmed by their high determination coefficients and low RMSEC and RMSEP values and also a high RPD value for each characteristic.
Prediction of Internal Quality Attributes
TSS
Maximum values of r and minimum values of RMSEC and RMSEP values and also a high RPD value (best model) for the prediction of TSS in PLS regression was developed when SNV, median filte,r and first derivative were used as preprocessing (Fig. 4a) . NIR spectroscopy in conjunction with PLSR could broadly predict the amount of TSS per pomegranate sample. This is the first reported prediction of TSS in the literatures, to the best of our knowledge, with the best model displaying correlation coefficient and a RMSEP. However, Zhang et al. [10] have reported a R 2 to be 0.17 and root mean error of crossvalidation (RMSECV) to be 0.57 between measured SSC of pomegranate fruit by the reference analytical methods and predicted SSC by NMR from the PLS model. NIR spectroscopy can also be used in measuring TSS in a wide variety of fruits. Shao et al. [37] obtained r = 0.9 and RMSEP = 0.377°Brix for estimating TSS from NIR parameters in tomatoes and Lu [19] has reported r = 0.89 and standard error of prediction (SEP) of 0.68 for cherries. Also, Clark et al. [46] achieved r = 0.92 and RMSEP = 0.92% in their NIR-based prediction model used for kiwifruits. Gomez et al. [26] obtained better results (r = 0.94 and RMSEP = 0.35°Brix) when they used their model for mandarins. However, with our proposed and developed model we achieved higher determination coefficient r (i.e, 0.93 for calibration set and 0.92 for prediction set) and lower error (i.e., RMSEC 0.22 and RMSEP 0.23) when compared with those obtained in other research.
pH
The highest r-value and the lowest RMSEP for the prediction of pH was achieved to be 0.85 and 0.064, respectively, following SNV, median filtering and second derivative based data preprocessing. The results of PLS model of pH showed that application of preprocessing techniques on PLS model of pH had little effect on improving the predictability of the calibration model. Similar to the scatter plot of TSS (Fig. 4a) , the fitted curve to the pH measured-predicted data points had a slope of almost 45º; this showed predicted values were very close to measured values (Fig. 4b) . As stated earlier, there have been no published results on the use of NIR spectroscopy for quality assessment of the pomegranate fruit. However, Zhang et al. [10] found R 2 0.6 and RMSECV 0.13 between measured pH by the reference analytical methods and predicted pH by NMR from the PLS model. They also reported that the RMSECV was very close to RMSEC, which means the loss in the accuracy was high when the calibration models were applied to the test data. In addition they declared that the low value of the error indicated that the PLS model provided fairly accurate prediction of pH.
TA
Similar to the results of performance from application of different preprocessing techniques on PLS model in prediction of TSS, the best model for the prediction of TA was achieved when SNV, median filter and first derivative were used as pre-processing. The obtained statistical parameters for best model were r = 0.94, RMSEC = 0.25 and RPD = 5.35 for calibration set and r = 0.93, RMSEP = 0.26 and RPD = 5.31 for prediction set. (Fig. 4c) . The R 2 and RMSECV using the PLS model of MR images reported by Zhang et al. [10] for prediction of TA of pomegranate fruit were 0.54 and 0.26, respectively.
Conclusion
This work has demonstrated the potential of Vis/NIR spectroscopy and chemometrics as useful techniques to non-destructively monitoring key pomegranate's quality attributes such as TSS, pH, and TA during four distinct maturity stages between 88 and 143 DAFB. It has been shown that Vis/NIR spectroscopy with chemometrics is a promising tool for non-destructive prediction of internal quality of pomegranate fruit. Also, pomegranates were classified by running PCA on their Vis/NIR spectroscopy data. It can be concluded that different pre-processing techniques had effects on the classification performance of the model using PCA method. In general, SNV and MSC gave better than first or second derivative pre-processing techniques. Calibration models for different groups of wavelengths in the range of 400-1100 nm for the prediction of TSS, pH, and TA of pomegranate fruit using PLS regression methods with respect to transmittance and centering, median filter, smoothing (SavitzkyGolay algorithm), normalization (MSC), and differentiation (first derivative and second derivative) were developed and tested using internal validation. The prediction of TSS was more accurate with the maximum values of r and minimum values of RMSEP 0.92 and 0.23°Brix, respectively, and was developed when SNV, median filter, and first derivative were used as preprocessing. Application of SNV, median filter and second order derivative improves the prediction in case of pH using PLS model (r = 0.84, RMSEC = 0.064, and RPD = 4.95 for calibration set and r = 0.85, RMSEP = 0.064, and RPD = 4.94 for prediction set). Similar to results performance of preprocessing on PLS model for prediction of TSS, The best model for the prediction of TA was achieved when SNV, median filter and first derivative were used as preprocessing. This study provided the useful information that could be applied to the pomegranate processing industries and also to the biological research centers.
